This paper presents the construction of a spatially explicit, nationally disaggregated measure of poverty over time in Costa Rica. The paper first describes the two possible methods considered for the construction of a poverty map: principal component analysis (PCA) versus small area estimation. Next, reasons for choosing PCA and a description of its application both at one point in time (1973) and over time are presented together with the resulting poverty maps. The methodology applied represents a methodological innovation in that the resulting poverty map is time variant rather than concentrated in a single moment in time. A comparison of the results obtainable using various techniques and a discussion on the relative merits of the various options available concludes the paper.
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I. Introduction 1
Abstract: This paper is one of the results of a research project developed by the Agricultural and Development Economics Division at FAO (ESA) in collaboration with the School of International and Public Affairs at Columbia University of New York which addresses a central debate in policy, development and environmental economics: the potential for linking carbon sequestration through land use change to poverty alleviation. The purpose of the project is twofold: to develop a methodology which can be widely applied in estimating potential supply response to environmental service payments among the poor, and to provide an empirical estimate of what this response would be in Costa Rica. Research goals include assessment of the degree to which poverty influences land use change decisions (specifically deforestation) and what implications this has for establishing a carbon emissions baseline as well as the potential supply of carbon under a payment program. Furthermore, the project seeks to determine the degree to which payments for sequestration services could be a potential instrument for poverty alleviation.
Costa Rica was selected for study because it is the site of an on-going research effort to estimate potential carbon offset supply from land use by an interdisciplinary team of researchers, led by Alex Pfaff at the Columbia University, and therefore much of the necessary data were already available. However other features of the country also contribute towards making Costa Rica an ideal setting for our analysis. Land use and the population composition of the country have gone through dramatic transformations since the 1960s. Costa Rica suffered a massive loss of forest cover since the 1960s with peaks in the 70s (Bixby and Palloni, 1996) but experienced also a notable reduction of poverty in the last decades mainly due to the structural adjustment process initiated in mid-1980s and to investment in education (World Bank, 1997) .
In their work on estimating the potential for carbon offset supply from land use change, the Pfaff team constructed a dynamic model of land use decision making to predict forest clearing behavior. The data set used in their study consisted of observations of forest cover for Costa Rica over five points in time 2 (Pfaff et al., 2003) .
In this three chapter study, we are interested in estimating the degree to which poor people would respond to carbon payments and thus the degree to which such payments may contribute to poverty alleviation. To accomplish this using the methodology developed by Pfaff et. al. (2003) , we need a measurement of poverty at a compatible level of analysis in order to distinguish the response to payments among rich and poor.
In recent years new techniques for deriving sub-national level measurements of poverty have been developed. These are referred to as poverty mapping techniques. The primary purpose of poverty mapping is the spatial identification of the poor, which also allows us to create variables that can be used in statistical analyses in which poverty is a dependent or explanatory variable. The latter is our primary motive in conducting the analysis presented in this chapter.
To accomplish this objective we derive a spatially explicit, nationally disaggregated measure of poverty over time, which can be used as an explanatory variable in the multivariate analysis of land use changes, to assess the impact of poverty on deforestation, and ultimately, the potential supply of carbon from the poor under a carbon offset payment program.
The construction of a time variant poverty map represents a methodological innovation. While the building of poverty maps has gained increased interest among development practitioners and policy makers, most methods concentrate on maps of a single moment in time. Time series spatially explicit data are relatively difficult to come by, constraining the degree to which poverty maps over time can be developed. In addition, accounting for changes in spatial groupings over time creates complications in the analysis, as we demonstrate in this chapter.
Different methodologies are available for the construction of poverty maps (see Davis, 2003 , Henninger, 2002 , and Snel and Henninger, 2002 for reviews of alternative methodologies). In the present research, the choice of a poverty-mapping indicator was constrained by time, budget, access to data, as well as research objectives. The project required a technique that was inexpensive and relatively quick to construct, did not require travel to Costa Rica, was based on existing and accessible data, and could be used as an explanatory variable in a multivariate framework. The technique also needed to be comparable over time, as the analytical strategy involves time series (one observation per decade) multivariate regression.
This paper first discusses the two candidate methods we considered for the construction of the poverty map over time, and provides the reasons why we chose the principal components method. Next, we describe the estimation of the principal component method, both at one point in time (1973) and over time, as well as the resulting poverty maps. We compare the results of the poverty mapping using various techniques and base dataset, and conclude with a discussion on the relative merits of the various options available.
II. Choosing a method
Two methods were considered in order to disaggregate poverty by district for four decades: principal components analysis and community-level small area estimation.
Principal components
Principal components is a type of factor analysis, based on a statistical technique for reducing a given number of variables by extracting a linear combination which best describe these variables and transforming them into one index. This index of poverty or marginality, as it is often called, depending on the variables employed can provide a multidimensional community-level poverty indicator. The first principal component, the linear combination capturing the greatest variation among the set of variables, can be converted into factor scores, which serve as weights for the creation of the marginality index. For a national poverty map the method requires census data at any level of political or geographical aggregation (from the household to the state or provincial level) 3 . The desired level of disaggregation in our case is the third administrative level, or district (after province and canton).
The poverty index is based on the formula (from Filmer and Pritchett, 1998) :
where F i is the factor score for asset i, a ji is the j th district's value for asset i and a i and s i are the mean and standard deviation of asset i variable over all districts. By construction the mean value of the index is zero.
Small area estimation
Small area estimation is a statistical technique which combines survey and census data to estimate welfare or other indicators for disaggregated geographic units such as municipalities or rural communities. Small area estimation applies parameters from a predictive model to identical variables in a census or auxiliary database, assuming that the relationship defined by the model holds for the larger population as well as from the original sample. Small area estimation is currently the most popular methodology for the creation of national poverty maps. Two principal approaches have emerged. The first, using household unit level data from a census, has been developed principally by staff at the World Bank and is the principal methodology utilized and promoted by the Hentschel et al. (2000) and Elbers, Lanjouw and Lanjouw (2001) ). The second uses community level averages instead of household unit level data, and has been employed by researchers at both the World Bank and various international agricultural research centers (Bigman et al., 2000 and Minot, 2000) .
The community-level small area estimation method requires two sets of data at a minimum: census data averaged at a given level and a representative household survey corresponding approximately to the same time period as the census. The first step is to estimate a model of consumption based household welfare using household survey data. This model should be estimated by statistically representative regions or areas (such as urban/rural), with explanatory variables limited to those found in both data sets. The second step is to apply these parameter estimates to average values taken at the chosen level of disaggregation. A predicted level of average consumption is then obtained from the consumption equation, and from this the incidence of poverty at the chosen level of disaggregation is constructed (see Bigman et al., 2000) .
The method of choice
Principal components has been used in a number of countries. The Mexican government has used principal components for decades to create a marginality index for planning purposes.
More recently, it has been employed as part of the targeting mechanism of the PROGRESA rural anti-poverty program, which dispenses almost $2 billion to over 4 million households annually. The Mexican application of principal components has been compared to a method similar to community level small area estimation (Skoufias, Davis and de la Vega, 2001 ). While both methods are highly correlated, the community-level small area estimation resulted in a stricter categorization of poverty implying that the small area estimation method would be more appropriate if avoiding leakage (including the non poor as beneficiaries) is more important than avoiding undercoverage (excluding the poor). The correlation between the two methods tends to break down in the middle of the marginality spectrum, which suggests that principal components is sharpest at high levels of marginality. This result, however, cannot be assumed to be true for all contexts.
Filmer and Pritchett (1998) used principal components in order to construct a household level asset index as a proxy for wealth. They evaluated their application to India by comparing it with other estimates of state level poverty, and they found a high level of correlation. They did find, however, a systematic bias against rural wealth as compared to conventional poverty measures. Many of their asset variables depend on infrastructure, and thus urban households are more likely to look better off then poorer households. However, standard poverty measures may be biased since real incomes/consumption are not adjusted by these implicit price differentials. Filmer and Pritchett also compared the asset index to consumption data on the same households using data from Nepal, India, and Pakistan, and found the measures produced similar rankings. Overall, they found the asset index, as a measure of long-term wealth, was more stable and had less measurement error than traditional consumption expenditures, and thus performed better as an explanatory variable (in their case in predicting school enrollment differences).
For a review of some applications of the small area estimation method see Davis (2003) . Minot and Baulch (2002) look into the issue of how much precision is lost when using census data aggregated to community level or any other level. They conclude that while the best option is to use household-level data, community-level census data can be used to generate reasonably accurate poverty estimates.
We choose principal components for a number of reasons. First, it is a cheap and relatively easy method to compute, once data are obtained. Second, it has been utilized in practice in a number of countries and has provided acceptable results. Third, principal components have been shown to compare favorably with consumption based measures, particularly as an explanatory variable/proxy for long term marginality (or wealth) in multivariate analysis. Fourth, the necessary data are available over four decades. This last element provides the key advantage over community-level small area estimation, since household survey data is available only from 1987 to 2000. Linking 1990's survey data to census from 1960s and 1970s would be risky considering the important changes in the Costa Rican economy over this period (for a discussion of the potential problems of such an analysis, see Elbers et al., 2000) .
III. Estimating Poverty with Principal Components

A. Data Sources and Availability
In order to create a poverty index comparable over time and space to the dataset on deforestation trends and sequestration supply constructed by Pfaff et. al. (2003), we required socio-economic data over the same time periods as their land use data set. That is as many time points possible from at least 1963 onwards. We selected a group of variables from the census datasets which are typically associated with poverty. We excluded variables which in our judgment had no clear economic meaning as well as variables playing a small role in explaining the variance, such as type of job occupation or houses with heating system. Ultimately we developed a list of 17 variables from the 1973 and later censuses, and a smaller set of 12 variables from the 1963 data. The final list of variables is shown in Table 1 . Most of these variables have been utilized and found to be significant in explaining poverty in Costa Rica in previous studies (World Bank 1997 and 2000b and Bixby and Palloni, 1996 .
B. Estimating Poverty Indices for 1973
The difference between the data available for 1963 and 1973 onwards required the estimation of a different set of variables in each case. In this section we focus on the estimation of a poverty map using only 1973 data -that is the first year for which a full complement of explanatory variables were available. In later sections we take up the estimation of a time-variant poverty map for the 1973-based pooled dataset, and in the appendix the estimation for the 1963 datasetbased pooled dataset. The results from principal components analysis applied to the 1973 census data can be found in Table 2 in which the eigenvalues of the correlation matrix are ordered from the largest to the smallest The eigenvector associated with the first component can be found in Table 3 . In principal components, the eigenvector provides the factor score for each variable, which indicates, as understood by equation (1) Thus from equation (1) we derive a district level poverty index for each of 406 districts at a specific point in time -in this case 1973. The index ranges from approximately (-13) for the wealthiest districts, to (7) for the poorest. Districts are then ranked by this index.
In Table 4 we look at the results from the principal components analysis to see if they make sense. We rank by index value deciles the mean of each of the variables in the index. Moving from the first (best off districts) to the 10 th decile (worst off) values change in a logical fashion, confirming the validity of the index. In 1973, in the richest districts only 2 percent of the households did not have at least a latrine, while in the poorest districts the percentage goes up to 68 percent. Similarly in wealthiest districts only 16 percent of the households used coal or wood to cook, as opposed to 96 percent in poorest districts. Access to electricity and to a sewage system are near universal in the richest districts, while in the poorest decile 85 percent of the population lacked access to electricity and 50 percent lacked access to sewage facilities. The average number of occupants per room for the wealthiest districts was 1.47 as compared to 4.05 for the poorest. Following the same trend, the average number of years of education per person is 6.12 in richest districts and 2.44 in the poorest.
Overall, the poorest live in low quality dwellings, lack access to water and electricity, do not have a bathroom, use coal or wood to cook, have a lower level of education, have lower levels of employment in wage labour and have a higher number of occupants per room. The relationship of these variables with poverty is similar to that found in other studies, with the exception of the role of gender, where a larger share of women within the household has generally been associated with a greater level of poverty (World Bank 1997 and . The gender variable used in this study is somewhat different -the share of males at the district level -which may explain the ambiguous result.
In Table 5 , the ten wealthiest districts in 1973 are ranked according to their index scores. Not surprisingly, nine out of ten of the districts are located in the province of San Josè, and six of them are located in the canton of San Josè, the capital. In Table 6 we list the 10 poorest districts in 1973 ranked according to the index. Four of the ten are located in the province of Puntarenas, and all of these except for one are located in the Canton of Buenos Aires The results of the 1973 static poverty map are shown in Figure 1 . The richest districts are those with the smallest value of the poverty index (negative value). The wealthiest are given a different color, as they are smaller and located near the center of the country and thus harder to distinguish. Thus the wealthier districts are represented first by green, and then by the lighter shades of purple. Poorer districts have larger values of the poverty index, and are represented by darker shades of purple. White areas represent missing data. The poorest districts are those located far from the Central Valley. This distribution of poverty confirms results of other studies (World Bank 1997 , Bixby 1996 . 
C. A Time-Variant Measure of Poverty
In the previous discussion we focused on the construction of a static poverty index for one point in time, using the example of 1973 to illustrate the technique. Static indices, however, are not comparable over time. Each index is based on an eigenvector, or scale, which is relevant only to that particular estimation. In other words, the units in which the indexes are constructed vary in each estimation, precluding comparison of the index among different census years. This presents a problem for the regression analysis described in the introduction, which requires a poverty index comparable over time.
To overcome this limitation, we pool the 1963, 1973, 1984 and 2000 census data and estimate principal components over the combined data. The resulting eigenvector is than applied to the variable values from each census year using equation (1). The principal limiting assumption is that we have averaged the impact of the included variables over the four decades of data we have available. Change in the marginality index is thus limited to changes in the levels of variables, and not changes in the relative importance (or impact) of each variable in determining the index. For instance changes in social or economic structure may alter the importance of education over the period 1963 to 2000, but we have essentially averaged these changes over all years.
We face two data limitations in making this estimation. First, the number of districts changes each census year. Over time, as the population grows, districts split and the overall number increases. The numbers change from 333 in 1963, to 406 in 1973, 420 in 1984 and 459 in 2000 . The second limitation is the lack of availability of a complete set of 17 variables for estimating poverty in the 1963 census dataset as was discussed in section A above. Below we describe how we overcame these limitations.
Overcoming the first limitation: Changes in district areas over time
Typically new districts are created by splitting larger districts into parts, in which case the original name of the district remains with one section, while the other(s) receive a new name. We managed to obtain information about the evolution of districts from 1980 onwards but not for changes that occurred between 1963 to 1980. To re-run the poverty index consistently with new districts or district re-coding we essentially faced two options -either reaggregate data from later years back into the 1963 configuration of districts, or disaggregate early year data based on the 2000 district configuations. Specifically:
1. Re-aggregate: If in year (t+1) we have districts A and B which were derived from district A in year t, we re-aggregate them back into district A. Re-aggregating means that the value of each variable for district B is aggregated back with the value of the same variable of district A (i.e. if we have the number of men and women of district A and B (in t+1) we add them together and have the total number of men and women in the district that now we call A as it was in year t). In this way we can build our analysis on the "base year" which is 1973 and remain consistent with the oldest districts having all details we need on variables to use although at a more aggregate level of analysis (fewer districts).
2 Disaggregate: District A in earlier years is divided into parts consistent with the district configuration of later years. Here, A in t became A and B in t+1, therefore we disaggregate A into A and B also at time t.
The second method, disaggregation, would create changes in poverty resulting from changes in area. There would be more districts and thus more observations as a result of having this information, since in the earlier years aggregated values for old districts would be assigned to both sections of the disaggregated estimate. However, this could create a serious bias in the poverty estimates if in fact the disaggregated sections differ significantly in their incidence of poverty. The rich ones will show declines in poverty over time and the poor ones increases, due to the changes in the areas over which averages were calculated.
The first method, re-aggregating, uses the information we have on district changes over time not to create more districts, but instead to eliminate the changes in poverty level that arise solely from the changes in area. With this method we end up with a data set of only those districts that persist through time. However, the spatial averaging done in the early years, within the official districts, would be the same as the spatial averaging done by re-aggregating the districts in the later years.
In our estimation we applied the first method, reasoning that the gain in error reduction was more important than the loss of information it entails. We use the number of districts at the earliest point in time for the analysis as the base and re-aggregate all data from later years to these same district boundaries. Thus for the estimates of poverty indices by district for 1973-2000, we use 406 districts, which was the number of districts in 1973. For the estimates done for 1963-2000, we use 333 districts, which was the number of districts in 1963.
Overcoming the second limitation: differences in data availability between census years
To overcome the second problem we decided to create two different indexes: one which would use the full set of 17 variables for the years it was available 1973-2000, and a second index with the smaller set of 12 variables, which are available for all time periods beginning in 1963.
Time-Variant Poverty Map Results
District level, 17 variables, for 1973, 1984 and 2000 data (406 districts)
In this section we estimate the poverty index with the 1973 base year which includes the full set of 17 variables. The results for the poverty index with 1963 as the base year can be found in the Appendix. We begin by pooling the 1973, 1984 and 2000 data, and estimating the principal components over the pooled data. Table 7 contains the eigenvalues of the correlation matrix ordered from largest to smallest. As in our estimation of the static poverty index, the first factor explains over 64 percent of the variance. Table 8 contains the factor scores obtained the first principal component. The signs on these factor scores are as expected. Higher values of most variables (dependency ratio, share of households without access to electricity or without washing machine etc) lead to higher level of poverty. Similarly higher number of people without wage remuneration or with lower level of education lead to higher level of poverty. Applying factor scores from Table 8 to the 1973, 1984 and 2000 data, and applying equation (1), we get poverty indexes for 1973, 1984 and 2000 at the district level.
To examine the robustness of the method applied we calculated eigenvectors for each point in time and for sub periods (i.e 1973-1984 and 1984-2000) . In all calculations the first factor explains over 64 percent of the variance with a range that goes from 63.7% to 68%. Similarly, the correlation indices between eigenvectors are all above 0.88 which is considered a very strong correlation and in our case validate the robustness of the methodology used.
The mapped results of the estimations are shown in Figures 4-6. As before, the darker shades refer to the poorer districts, whilst the wealthiest districts are given a lighter blue color. Visually the maps indicate spatial clustering by wealth which persists over time In Table 9 the evolution of the ranking of the poorest districts over the three points in time used in the timevariant analysis is shown, along with results from the 1973 static estimation. , between 1973 and 2000. This district is characterized by rapid reductions in illiteracy and growth in educational levels, widespread improvement in household living conditions, as well as dramatic increase in the public provision of sewage, water and telephone services.
In the opposite direction, the district of Tayutic moved from position 343 to 397, thus dropping by 54 spots. Looking into the details behind this movement, we find that a few characteristics worsened, such as percentage of dwellings with dirt floor or without water. Further while nationally there has been considerable progress in the share of dwellings with electricity (from 35% HH without electricity in 1973 to 0.06% in 2000), owing telephone (96% had no telephone in 1973 vs 57% in 2000), and hot water (95% did not have hot water in 1973 as compared to 64% in 2000), in Tayutic the situation with regard to these variables has remained substantially the same or has not changed as much as it did at national level. Similar statement holds true for illiteracy (0.06% at national level versus 22% in Tayutic),average number of occupants per room (1.65 nationally vs 2.12 in Tayutic) and average number of years of education (6.03 vs 3.47). To examine the evolution over time of all districts in our study and to validate static versus dynamic method of analysis, we also calculated the Spearman ranking correlation coefficient. This confirmed that the poverty index at one point in time for 1973 provides a very similar ranking of districts as compared to the pooled poverty index for 1973. This holds true for the entire sample as well as for the 30 best off and worst off districts (Spearman rho is always > 0.9). Similarly in comparing the ranking provided by the three pooled indexes over time we can confirm the validity of the methodology at least for the better off districts (1973 vs 1984 and 1984 vs 2000) whilst for the worst off districts the index does show a weak correlation and this might be due to missing data for districts that changed over time as explained before.
IV. Conclusions
In this paper we have constructed a variable measuring poverty for use as an explanatory variable in a district-level multivariate regression analysis. The method we chose, principal components, requires fairly limited amounts of data as compared with other methods, which was a major consideration in our choice of principal components. The method also allowed estimating a poverty index comparable over different points in time, although based upon the somewhat stringent assumption of no changes in the relative importance of each component of the index over the time period considered. A comparison of the results from estimations based on pooled versus static data indicate that for this dataset, the assumption of stability in poverty components over time is valid. This is one of the first examples in the literature of a timevariant poverty index.
We also addressed the issue of changes in administrative units over time, which is likely to be a common problem in any time variant spatial analysis. We argue for the use of a re-aggregation procedure, where the number and boundaries of districts at the earliest point in time for the analysis is used as the base, to which all subsequent units are re-aggregated. In this analysis, the the gain in error reduction was more important than the loss of information it entailed, although in other situations the opposite may hold true.
We estimated two sets of poverty indices over time at the district level for Costa Rica; one based upon a set of variables and district configurations from 1963, and the second based upon variables and district configuration from 1973. We found that there is considerable similarity in the results between the two base year estimations in terms of poverty rankings. In both cases the principal components analysis yielded a first principal component which explained approximately 64 percent of the variation in the data. We also found the direction of the signs of the factors derived from the eigenvectors the same for the set of variables included in each of the base year estimations and that the relative impact of the included variables remained fairly consistent between the two estimations. The results of the poverty map are broadly consistent with other studies of poverty in Costa Rica.
Finally, our results indicate the importance of scale and location in the analysis of poverty. We found that over the time period from 1973 to 2000, the wealthiest and poorest districts were consistently located in the same provinces, although there was variation in which districts these were. Thus, at a provincial level, poverty and wealth are spatially clustered in Costa Rica over time, and the effect is quite strong. At a district level of analysis however, although we still do find patterns of spatial clustering, particularly at the relative extremes of wealth and poverty, we are also able to see much more heterogeneity in the distribution of wealth over time. These results do indicate that location is an important factor, which needs to be carefully considered in statistical analyses of the determinants of wealth and poverty.
In this appendix we present the estimation of an index based on a reduced set of 12 variables which were available for the 1963 census year as well as the other 3 years. We begin by pooling the 1963, 1973, 1984 and 2000 data, and estimating the principal components over the pooled data. Table A1 contains the eigenvalues of the correlation matrix ordered from largest to smallest. As in previous estimations, the first factor explains approximately 63 percent of the variance. Table A2 contains the factor scores obtained the first principal component. Again, the signs on these factor scores are as expected. Applying factor scores from Table A2 to the 1963, 1973, 1984 and 2000 data, following equation (1), we get poverty indexes for these years at the district level. In Table A3 the evolution of the ranking of the poorest districts over the four points in time used in the timevariant analysis are shown, and in Table A4 evolution of the ranking of the wealthiest districts over the four points in time. The districts are ordered by the 1963 ranking.
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